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5.1 Macro Uncertainty’s Impact on Volatility in Stock Markets 

The standard deviation of GDP growth forecasts is our preferred measure of 

uncertainty. In previous literature, a level measure is also frequently used, but the 

standard deviation covaries more with other typical measures of uncertainty (Bloom 

2014). Summary statistics of our uncertainty measure is available in appendix 2. 

The standard deviation of forecasts has a long right tail due to some outliers in the 

dataset. This is also visible in figure 4 with the maximum value taking place in 

2014. Apart from that, uncertainty seems to be high in periods of economic turmoil, 

such as the financial crisis and the around the tech-bubble collapse. The average 

number of respondents to the survey of professional forecasters in the period from 

1990 to 2018 is 52. However, the number of observations is the same in most studies 

involving macroeconomic data. 

 

  

Figure 4: Macro uncertainty (Standard deviation of GDP change forecasts) 

 

As previously outlined, our proxy for volatility in stock markets will be the 

volatility of daily returns on the S&P 500. Complete summary statistics on daily 

returns of the S&P 500 is available in appendix 3. As is the case in most financial 

time series, the S&P 500 index shows volatility clustering which is clearly visible 

in figure 5. 
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Figure 5: Summary statistic daily return on the S&P 500 

 

As a result of this volatility clustering, we have modelled volatility on the S&P 500 

using a GARCH framework as described under the methodology section. Figure 6 

provides a first glance at the relationship between uncertainty about GDP growth 

and stock market volatility. The visual inspection shows that the two time-series 

move in similar fashion (covary).  

 

Figure 6: Analyst dispersion and GARCH modelled variance of S&P 500 

 

Following the methodology previously described in section 4.1, we now provide a 

more rigorous analysis on how macroeconomic uncertainty impacts volatility in 

stock markets. Table 1 presents the regression results. The findings show that there 

is significance on a 1%-level that macro uncertainty impacts stock market volatility 

with a positive coefficient of 0,034. We also witness that news about macro 

uncertainty cause volatility in stock markets that is persistent for quite some time. 

Figure 7 shows the p-value of analyst dispersion with regressions using variance 

measures from t up to t+50, with the solid horizontal lines being normal significance 

levels; 1 %, 5 % and 10 %.  
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Table 1: Regression results: Analyst dispersion’s impact on the volatility of S&P 

500. 

 𝜎𝑡+𝑥
2 = 𝛼 + 𝛽1(𝐴𝑛𝑎𝑙𝑦𝑠𝑡 𝑑𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛)𝑡 + 𝜇.  

*,**,*** represent significance levels on 10 %, 5 % and 1%, respectively. 

 

 

Figure 7: P-value of analyst dispersion from regression;  

𝜎𝑡+𝑥
2 = 𝛼 + 𝛽1(𝐴𝑛𝑎𝑙𝑦𝑠𝑡 𝑑𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛)𝑡 + 𝜇 

 

Figure 7 shows that, with a significance level of 1 %, news about macro uncertainty 

cause changes in volatility on the S&P 500 for t up to t+4. Also, on a 5 % 

significance level we can say that news about macro uncertainty cause changes in 

volatility for 30 days. First when we look at the impact after 50 days, we fail to find 
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significance on the 10 % level. Considering that all coefficients in table 1 are 

positive, this means that news about macro uncertainty cause increased volatility in 

stock markets for an extended period of time. Based on our prior beliefs, the 

persistency of volatility following uncertainty news is somewhat surprising, as we 

expected the stock market to adjust quickly to the new information. However, it 

underlines the importance of macroeconomic uncertainty´s role as an influencer of 

the stock market’s volatility.  

 

As briefly mentioned above, all coefficients in table 1 are positive. This means that 

an increase in analyst dispersion will lead to increased volatility for a period of time. 

The coefficients for the immediate days after the release of macro uncertainty news 

vary between 0,030 and 0,034, which means that if analyst dispersion increases by 

one, volatility on the S&P 500 increases by roughly 3%. Both the coefficients and 

the R squared estimates are declining with time, which means that the explanatory 

power of analyst dispersion on volatility in stock markets is decreasing over time, 

just as one would expect.  

 

Previous literature offers various possible explanations for this relationship. Baker 

et al. (2016) claimed that uncertainty about future economic states is influential on 

a firm’s decision to invest in new projects. Increased uncertainty lead firms to 

rethink their investment strategies, which again cause confusion among investors 

and volatility in the stock market. Fajgelbaum et al. (2017), on the other hand, 

would have explained our findings with risk aversion among investors. They claim 

that increased uncertainty leads to lower activity and thus less information sharing 

between market participants. As each participant possesses less information about 

the market’s valuation of the stock market, stock prices become more volatile. 

However, we will later discuss how trade volume and macroeconomic uncertainty 

are related and see that the latter might be a fragile argument.  

 

5.2 Macroeconomic Volatility and Stock Market Uncertainty 

 

To see if the relationship between macro- and microeconomic variables (GDP-

growth volatility and stock market uncertainty) are mutually dependent, we test if 

uncertainty in the stock markets affect the volatility of GDP-growth. We now use 
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3-month realized variance as the measure of uncertainty in the stock market, and 

GARCH-modelling of the GDP-growth as the measure of volatility. Since changes 

in GDP have volatility clustering, as seen in figure 8, we use the GARCH 

framework to model volatility. Summary statistics of GDP growth and stock market 

uncertainty can be found in appendix 6 and 7, respectively. From figure 9 we see 

that the uncertainty in the capital markets increased significantly during the 

financial crisis, and in figure 8 we see that GDP decreased significantly in the same 

period. In addition, we notice that uncertainty in stock markets are higher during 

times of financial difficulty. There is an increase in realized variance both during 

the dot-com bubble in the early 2000 and in the beginning of the European 

Sovereign Debt Crisis in 2011. During the same time periods, except 2011, it is a 

counter-cyclical pattern for the GDP-growth. Since the observations are only done 

quarterly, the data is prone to have large tails due to a small amount of observations. 

 

  

Figure 8: Real GDP change. 

 

 

Figure 9: Realized 3-month variance for the S&P 500. 
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In figure 10, we see clear peaks of macroeconomic volatility during times of 

financial difficulty. Interestingly the volatility is starting to increase several years 

before the events, and sharply drop after the events are over.   

 

 

Figure 10: GARCH modelled variance GDP and realized 3-month variance of 

S&P 500 
 

From the regression in table 2, we find significant results that uncertainty in the 

stock markets will influence the volatility of the GDP growth on a 1%-level. The 

coefficient from the realized variance is positive, so we can draw the conclusion 

that higher uncertainty in the stock market will result in higher volatility for the 

GDP growth. One possible explanation of this phenomenon is that the S&P 500 is 

represented by the biggest companies in the United States. It is possible that the size 

of these companies is large enough to affect the GDP-output of the country. 

 

 

Table 2: Regression output Macroeconomic Volatility.  

𝜎𝑡
2 = 𝛼 + 𝛽1(𝑅𝑉𝐴𝑅)𝑡 + 𝜇  

*,**,*** represent significance levels on 10 %, 5 % and 1 %, respectively. 

 

The findings are interesting and in line with our expectations. The GDP is the gross 

production output of a country and is dependent on the firms´ willingness to grow 

and invest. When there is uncertainty, the firms will operate with investment 
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decisions as a real option (Bernanke 1993). If they invest, they lose their option, but 

if they delayed their investment they still have the option. Thus, investment 

decisions will be delayed, and create less output in the economy. The test is in many 

ways the same as the previous test of macroeconomic uncertainty and stock market 

volatility, and this test shows that it is mutual dependence between the two 

variables. The uncertainty for firms can come from many sources, such as energy-

prices (Sadorsky, 1999). When uncertainty is high, firms may not be able to predict 

the future cost of commodities. To help ease this problem, businesses use 

derivatives, like for example the aviation industry uses derivatives to control their 

fuel cost. Hamilton (2003) shows that changes in oil prices will have a forecasting 

effect on the GDP growth. Thus, interlinking variables that affect both uncertainty 

for firms and the GDP growth could play a contributing factor for the relationship 

between the stock market uncertainty and the GDP volatility.  

 

5.3 Causality 
 
To further investigate the relationship between macroeconomic uncertainty and 

stock market volatility we tested for Granger causality between analyst dispersion 

about GDP growth forecasts and 3-month realized variance in the stock market. For 

the Granger-causality test, we chose 3-month realized variance as a proxy for 

volatility as the observation length corresponds to the observations from the SPF. 

To be able to test for causality, we first ran a VAR model (results available in 

appendix 8) and checked the optimal lag length using Akaike and Schwarz selection 

criterion (available in appendix 9). 

 

From table 3 we see that there is significance on a 5%-level that 3-month realized 

variance Granger-causes analyst dispersion. This means that if realized variance is 

high over a three-month period prior to the release of macroeconomic uncertainty 

news, analyst dispersion is likely going to be high as well. To our surprise we do 

not find evidence that analyst dispersion Granger causes 3-month realized variance. 

We saw in figure 7 that analyst dispersion impacts stock market volatility for an 

extended period of time, and we expected this to be backed up by the Granger 

causality test. However, it seems as analyst dispersion cannot be used to predict the 

stock market volatility for the next three months as a whole, presumably because 

we use a quarterly measure of uncertainty. Had we employed a daily measure of 

09413800930964GRA 19502



26 
 

uncertainty and tested this with a daily measure of volatility, we would probably 

achieve a different result, as previously indicated in figure 7. 

 

 

Table 3: VAR Granger Causality/Block Exogeneity Wald Tests. 

*,**,*** represent significance levels on 10 %, 5 % and 1 %, respectively. 

 

5.4 Volume of Trade 

We have already witnessed that an increase in analyst dispersion leads to an 

increase in stock market volatility. However, uncertainty also leads to changes in 

the volume of trade.  

 

 

Figure 11: Summary statistics daily change volume of trade on the S&P 500. 

 

We clearly see that the number of daily trades on the S&P 500 during the last 28 

years have several spikes. When matching the daily number of trades with the 

release dates of the survey of professional forecasters, a total number of four 

observations are defined as outliers. Without any obvious explanation, the number 

of trades increased by more than 60% from the day before during those trading 

days. As these outliers are clearly not associated with our measure of macro 

uncertainty or stock market volatility, we have removed the observations from our 

dataset. The table in figure 11 shows summary statistics of the absolute change in 

volume of trade, while the plot shows daily change. From the table, we notice that 

the mean is significantly higher than the median, which suggests we have a long 
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right tail. In the full sample statistics, outliers are not removed which explains why 

the mean is much higher for this sample, while the median is comparable to that of 

the limited sample. Full summary statistics, including a histogram, is available in 

appendix 4 and 5.  

 

 

Figure 12: Absolute change in volume of trade paired with analyst dispersion and 

variance of the S&P 500, respectively. 

 

From figure 12 we notice that the absolute change in volume of trade seems to 

fluctuate with both analyst dispersion and stock market volatility, and that the 

correlation seems to be positive. This is confirmed by table 4, which shows our 

regression results. Both coefficients are positive and significant on respectively 5% 

and 1% significance levels. If we run the same regression without taking the 

absolute value of change in trading volume, we do not obtain significant results. 

According to Nimark (2013), trivial events catch more interest in uncertain times, 

whilst they would be unimportant in a normal state of the economy. This 

phenomenon will lead to increased uncertainty in periods of distressed markets. 

Similarly, we know that market participants interpret news differently in periods of 

financial distress. If this is the case, then the effect from periods of recessions may 

cancel out the effect from expansions and vice versa. This issue may be the reason 

why we do not find significance without taking the absolute value of change in 

volume. Alternatively, this issue could be solved by including a dummy variable 

for recessions, but using NBER recession dates as dummy did not change the results 

for our data. 
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Table 4: Regression results: Analyst dispersion and stock market volatility on 

absolute change volume of trade.  

∆𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑡𝑟𝑎𝑑𝑒 = 𝛼 + (𝐴𝑛𝑎𝑙𝑦𝑠𝑡 𝑑𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛)𝑡 + 𝜇  

and 

 ∆𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑡𝑟𝑎𝑑𝑒 = 𝛼 + 𝜎𝑆&𝑃500,𝑡
2 + 𝜇.  

*,**,*** represent significance levels on 10 %, 5 % and 1 %, respectively. 

 

Our findings suggest that volume of trade is affected by both macroeconomic 

uncertainty and stock market volatility. However, the effect seems to be dependent 

on the state of the overall economy. This is in line with previous research, where 

we have seen that Varian (1985) and Pfleiderer (1984) disagrees about the 

relationship between uncertainty and volume of trade. When controlling for 

recessions using NBER recession dates we expected to isolate the effect of 

economic states. However, it seems like market participants disagree on the 

perceived state of the economy, which may serve as an explanation as to why we 

struggle to find a definitive relationship between volume of trade and 

macroeconomic uncertainty and/or stock market volatility. 

 

6. Conclusion 

 

The results presented in this thesis show evidence that uncertainty about future GDP 

growth will affect the volatility of the stock market. Even more interesting; 

macroeconomic uncertainty affects volatility of the stock market for an extended 

period of time after the initial uncertainty news is revealed. We used the standard 

deviation of analyst forecasts of next periods GDP as proxy for uncertainty, while 

the S&P 500 index served as our proxy for the stock market.  

 

Additionally, we find mutual dependence between macro and micro variables. 

Meaning that uncertainty in the stock market has an impact on the volatility of GDP 

growth. We mention that the S&P 500 index may accommodate values substantial 
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enough to affect the gross domestic product of USA. Furthermore, using a vector 

autoregressive model we find that stock market volatility granger causes 

macroeconomic uncertainty, while the opposite relation is not present in our data. 

This means that past values of stock market volatility can be used to help predict 

values of macroeconomic uncertainty. Based on the persistence of volatility after 

an uncertainty shock, we have reason to believe that the opposite relation, that past 

values of stock market volatility can be used to predict macroeconomic uncertainty, 

could be proved using a daily measure of macroeconomic uncertainty. 

 

Lastly, we present evidence that both stock market volatility and macroeconomic 

uncertainty affect the absolute change in trading volume. This means that market 

participants adjust their trading strategy based on both volatility and uncertainty. 

Our research indicates that the changes in volume is dependent on the perceived 

state of the economy. Both coefficients in our regressions are positive, indicating 

that trading volume becomes more volatile as stock market volatility and 

macroeconomic uncertainty rises. 

 

6.1 Suggestions to Future Reasearch 

In this thesis we use GDP growth as the sole macroeconomic factor. It could be 

interesting to see if the results hold on other popular measures of uncertainty such 

as a level measure of professional forecasters, the VIX and/or the EPU. Using 

monetary measures like GDP growth, which are published quarterly, also present a 

challenge in building a rich dataset. Even with an extensive sample period, the 

number of observations will be relatively modest. Using a daily measure of 

macroeconomic uncertainty would probably lead to different results, and would be 

particularly interesting in the VAR model and Granger causality test. A daily 

measure of uncertainty would also make it easier to control for economic states in 

the regression for trading volume. A single quarter may include several perceived 

states of an economy and it is different to control for in a regression. As proxy for 

capital market we use the S&P 500 index. While this is viewed as a good 

representation of the American stock market, it could be interesting to see if the 

effects of macroeconomic uncertainty are persistent across indices as well, also 

those consisting of small cap companies. 
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7. Appendix 
 

 
Appendix 1: Correlogram squared returns of S&P 500  
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Appendix 2: Summary statistics Analyst dispersion (Uncertainty measure). 
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Appendix 3: Summary statistics daily return S&P 500. 

 

09413800930964GRA 19502



31 
 

0

4

8

12

16

20

24

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45

Series: ABSOLUTE_CHANGE_VOLUME

Sample 1990Q4 2017Q4

Observations 109

Mean       0.102927

Median   0.089554

Maximum  0.425667

Minimum  0.007286

Std. Dev.   0.083523

Skewness   1.347818

Kurtosis   5.210856

Jarque-Bera  55.20097

Probability  0.000000 

 
Appendix 4: Summary statistics absolute daily change volume of trade. SPF 

dates. 
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Appendix 5: Summary statistics absolute daily change volume of trade. Full 

sample. 
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Appendix 6: Summary statistics GDP growth 
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Appendix 7: Summary statistics 3-month realized variance S&P 500. 
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Appendix 8: Vector Autoregressive model. 

 

 
Appendix 9: VAR Lag order selection criterion. 
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